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tion, delivery and consumption of financial products and services. In KEYWORDS

this survey, we sum up the primary research discoveries in fintech Financial technology; asset
area, which include the possible evolution of fintech’s effect on pricing; credit risk; digital
customer protection, prosperity and the discovery of the asset banking

prices and returns, and the design of digital frameworks in the era

of the fintech.

1. Introduction

In recent years, the dramatically fast development of financial technology (fintech) has
played an important role in the production, delivery and consumption of financial
products and services. Due to its potential large impact on the entire financial eco-
system, the innovation of the fintech has been widely and heavily discussed in recent
years. The financial industry has observed an exciting and impressive transformation. In
this review, we aim to describe the primary aspects of this transformation and the
functionality of fintech in the mainstream sector of the financial market, as well as its
related impact on consumers and the whole financial eco-system.

The activities of fintech companies have made fast evolution and entered into almost
all sectors of the financial system. Consumers have been benefited from the innovative
financial services by fintech companies, while the efficiency of the whole financial system
has been significantly improved. At the same time, attentions and concerns have also
been aroused by regulators about many aspects of the services provided by fintech
companies, which sometimes very much likely play the role of a bank. In addition, there
are legal challenges and ethical concerns related to financial technology around con-
sumer privacy and the impact that financial technology may have on the stability of the
entire financial ecosystem. Although fintech can greatly enhance the credit risk evaluation
and improve the efficiency of the financial system by faster, better quality and lower cost
services, the risks of it cannot be entirely avoided.

This survey paper also contributes to the special issue of ‘Financial Technology and
Artificial Intelligence in Finance’ on the Journal of Chinese Economic and Business
Studies (JCEBS). The special issue conference was organized by the University of
Edinburgh Business School, Chinese Economics Association CEA UK, and Xi'an
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Jiaotong-Liverpool University business school on 16 October 2020. The conference
was held online, and the recorded talks are publicly available via JCEBS Special Issue
Conference | and JCEBS Special Issue Conference Il. The conference has five keynote
speakers from academia and financial industry, including Morgan Stanley, Deutsche
Boerse Group London, BlackRock Hong Kong, Franklin Templeton Investments UK and
the Centre for Computational Finance and Economic Agents (CCFEA) at the University
of Essex. In addition, it has four academic paper presentations from Peking University,
Salford University, Northwest A&F University and Jinan University.

The keynote speeches are all focused on the cutting edge application of machine
learning in financial markets. Dr Jian Chen, head of Quant in FX trading desk at Morgan
Stanley, discussed how machine learning can be used in FX trading and how Morgan
Stanley use trading-bot on FX market. He particularly addressed the importance of the
explainability of the machine learning models in trading areas. Dr Yauheniya Shynkevich,
data scientist at Deutsche Boerse Group London, introduced the application of machine
learning in clearing house operation efficiency improvement. Similarly, Dr Lily Lee, trading
desk analyst at BlackRock, Hong Kong, discussed the trading cost analysis using machine
learning. Finally, Dr Alistair Haig, quantitative investment researcher at Franklin
Templeton Investments UK, discussed interesting comparison studies between human
analyst’s mind and machine learning’s decision. All keynote speeches point out the
irresistible trend of applying machine learning technology in financial market. People
usually call it financial technology or fintech.

The special issue of ‘Financial Technology and Artificial Intelligence in Finance’ on the
Journal of Chinese Economic and Business Studies includes five papers. Three of them fall in
the Al applications in financial markets and two papers address the digital economics
development status in China.

Jiang et al. (2022) investigate the herding problem before and during the COVID-19 on
Hong Kong market using CCK-based OLS and quantile regression with the estimation of
the magnitude of herding by HS model. This study documents the change of the herding
phenomenon before and after the COVID-19 and confirms the detection sensitivity on the
magnitude and variation of the herding problem.

Yousuf and Zhai (2022) particularly investigate the interconnections among crude oil
and global equity markets using DCC-GARCH model. It documents the weakened shock
transmission over time before the COVID-19 and a doubled strength during the pandemic.

Tsang (2022) proposes a new mechanism for modelling and observing the tick-data in
high-frequency finance. The proposed directional change is based on the ad-hoc threshold
and provides a novel data-driven framework for providing new information about the tick-to-
tick data.

The work of Rahman and Islam and Liu focuses on the digital economy area. Rahman and
Islam investigate the impact and attraction of voluntary insurance, a new digital product, on
the users’ adoption of the digital banking system. Liu (2022) addresses an overall picture of
Al application’s influences on China’s economy and particularly on the network economy
effect by constructing a new Al economic growth model. This paper provides a decent
summary of the research paradigm of digital economy based on value, network and
consensus.
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In this survey, we further sum up the primary research discoveries in fintech area up until
this point, the possible evolution of fintech’s effect on customer protection, prosperity and
the discovery of the asset prices and returns, and the design of digital frameworks in the era
of fintech. The design of the remainder of this paper is as per the following. Section 2
summarises the recent work of Al in Quantitative Finance, Credit Valuation and Digital
Banking. Section 3 discusses the future direction of this fast evolving area and concludes.

2. Literature on Al in finance
2.1. Al in quantitative finance

An ever-increasing number of literature uses Al as innovation in the finance area, parti-
cularly in equity return forecasting, asset pricing, risk management and corporate
governance.

Early works use complex machine learning models as a pure data fitting tool with no
financial theories. Such work has been widely seen in predicting original stock prices or
directional movements. The early work, i.e., Fischer and Krauss (2018), documents the
significantly outperforming forecasting capability of the recurrent neural network such as
(LSTM) against conventional deep neural network and simpler statistical models, such as
logistic regression and random forest. In addition, Krauss, Do, and Huck (2017) recognize
the stacked models (ensemble model) constructed by conventional models including
random forests, decision trees and neural network highly outperforming other models in
forecasting probabilities of equity returns and achieving good investment returns. Those
literary works altogether fall into the specialized investigation of using financial data and
information in complex models and thus vigorously add to information science writings
instead of the contribution of financial areas.

Another direction of financial literature regards factors as hidden and unobserved ones
and computes utilizing statistical methods including principal component analysis (PCA),
i.e., local PCA and instrumented PCA (IPCA). The IPCA is proposed by Kelly, Pruitt, and Su
(2019) for extracting systematic S for all latent factors. The systematic 3 are calculated by
the instrumented principal component analysis using hundreds of fundamental charac-
teristics of stocks. Similarly, Lettau and Pelger (2020) propose a PCA-based statistical
method called ‘Risk-Premium PCA’ (RP-PCA) to directly consider the objective for extract-
ing the latent factors, the explanation of the cross-sectional expected returns. RP-PCA
uses a penalty term to control the pricing error for searching the latent factors that can
explain both the expected return and covariance structure. The work of Kelly, Pruitt, and
Su (2019) and Lettau and Pelger (2020) is still based on the conventional asset pricing
theories with linear assumption between the factor and the risk exposure. However, such
linearity relation is relaxed by the work of Gu, Kelly, and Xiu (2021), which introduces a
neural-network-based estimator to extract the latent factor and the corresponding risk
exposures. Following this trend, Chen, Pelger, and Zhu (2019) and Bryzgalova, Pelger, and
Zhu (2020) propose a Generative-Adversarial-Network-based model and a decision-tree-
based forest model, respectively, to generate stochastic discount factors for classical asset
pricing model structure.
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In addition to the extensive and in-depth applications in equity market, machine-
learning-based models are also observed in applications in other asset pricing areas,
such as bond risk premium forecasting Bianchi et al. (2021), cross-sectional bond return
prediction Nazemi, Baumann, and Fabozzi (2022) and defaulted corporate bonds recovery
rate estimation Guo et al. (2021).

In recent years, the wide application of machine learning technology in quantitative
investment strategy makes many people think that it is bound to become the future of
investment management. However, it is found that quantitative investment strategy
based on machine learning often plays a good role in the environment with stable overall
trend and rich and regular volatility, but the effect is often very poor in the event of
extreme crises or accidents, such as the quantitative crash in the week of 6 August 2007
Khandani and Lo (2008), and the flash crash on 6 May 2010.

During the flash crash, in the 33 minutes from 2:32 p.m. EST, the U.S. stock market
experienced one of the most volatile periods in history. Kirilenko et al. (2011) analyse the
flash crash event using the data of all 15,000 accounts of e-mini trading on the same day.
They found that the response of algorithmic trading procedures to extreme selling
pressure exacerbated the decline in prices. Just a few minutes before flash crash, the
market-driven algorithm produced a seriously unbalanced trading order under the action
of market signals seriously deviated from the fundamental track, resulting in the collapse
of trading institutions due to selling pressure. Another incident related to algorithmic
trading is Knight Capital, one of the largest market makers in the U.S. stock market. Its
trading error on 1 August 2012 resulted in the accumulation of a large number of stock
positions within 45 minutes of the beginning of the trading day, resulting in a final loss of
$456.7 million and almost bankruptcy.

2.2. Al in credit valuation

Although machine learning models have been widely used in asset pricing, they have also
been applied to risk management areas, especially in the field of credit risk valuation for
a longer time.

2.2.1. Credit scoring and risk

A very early work of Desai, Crook, and Overstreet (1996) investigates the learning ability of
the neural networks and linear discriminant analysis and logistic regression, in evaluating
the credit scores for small-sized loan. It is the first work that documents the customized
neural networks as having a very promising avenue in correctly identifying the bad loans.
Crook, Edelman, and Thomas (2007) further extend their own work to the credit screening
area by investigating the performance of conventional machine learning models includ-
ing logistic regression and support vector machine. Afterwards, this area of study is
extended to predict loss given default of corporate bonds Yao, Crook, and Andreeva
(2015, 2017) using support vector regression models. In recent years, the application of
credit evaluation model based on machine learning has been expanded to SME loans and
mortgage areas, i.e., the works of Jagtiani and Lemieux (2019), Goldstein, Jagtiani, and
Klein (2019) and Croux et al. (2020).
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In addition, natural language processing (NPL) is used to analyze the text information
written by the borrower on the loan platform, so as to understand the borrower’s
language style and their potential issues, such as the work of Gao, Lin, and Sias (2018).
They found that if borrowers’ textual information are more readable, more aggressive and
contained a lower level of deception, lenders would bid more actively, be more likely to
extend credit and charge lower interest rates. Based on alternative data, the use of
machine learning model in credit evaluation and decision-making can improve consu-
mers’ access to the loan. However, there are some potential risks, such as the use of
alternative data may lead to ethical bias, such as race and gender.

Consistent with these findings, Berg et al. (2020) uses a machine learning model to
analyze the borrower’s digital footprint information, such as activity records left on the
Internet. The work of Berg et al. (2020) shows that these digital footprints are very
effective in predicting consumers’ default. The combination of digital footprint and
traditional loan evaluation variables can significantly improve the overall prediction
ability of the model, which shows that the digital footprint information provides
a sufficient and effective supplement to the borrower’s standard information. Therefore,
banks and other lending institutions can enhance their credit and risk pricing decisions by
viewing traditional risk scores and alternative data, so as to reduce potential risks.

Ant Financial, a Chinese financial technology giant, and Tencent’s pay points credit
have established a new credit scoring system based on alternative data collected from
non-traditional information sources such as social media, online shopping, payment
applications and mobile accounts. This type of scoring provides a more comprehensive
assessment of the borrower’s financial life, and can effectively help borrowers who lack
credit history fill the credit gap and obtain loans.

2.2.2. Peer-to-peer lending
With the gradual establishment and promotion of credit risk assessment mechanism based
on machine learning model, a new lending method, peer-to-peer lending (P2P), has
gradually become a new financing channel with strong attraction to consumers and
small enterprises in the past decade. P2P loan platform directly matches investors and
borrowers through the supply and demand of funds, and eliminates intermediaries to
facilitate transactions. Both the work of Balyuk (2016); Chava, Paradkar, and Zhang (2018)
found that P2P loan channels significantly improved the access to credit for consumers who
could not obtain credit from traditional banks. Such loan services have penetrated into
areas where traditional banks may not provide enough services, such as highly concen-
trated markets and areas with few bank branches per capita Jagtiani and Lemieux (2018).
The research work of Ramcharan and Crowe (2013) and Butler, Cornaggia, and Gurun
(2017) shows that in the P2P lending risk assessment mechanism, in addition to the
standard financial variables, the influence of much personal soft information of the
borrower is helpful for the borrower to make credit decisions. However, those personal
soft information include race, age and personal outlooking Ravina, (2019); social capital
Lin and Pursiainen (2018); hometown Lin and Viswanathan (2016) and social network Lin,
Prabhala, and Viswanathan (2013). These factors will significantly affect the lender’s
decision-making in terms of ex-ante loan pricing, loan amount and post-loan results.
However, under fair lending and consumer privacy regulations, more and more such
information is prohibited in credit decisions.
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2.3. Digital banking

The progress of financial science and technology has made remarkable achievements in
social development, one of which is financial inclusion services. Financial inclusion refers
to helping vulnerable group of people establish channels to use formal financial services.
This group of people mainly includes low-income people, vulnerable people, people with
missing credit data, people living in rural areas, women and young people. Due to the
large number of individuals in these groups and the growing social needs, financial
inclusion has become a subject of increasing concern. The inherent defects of traditional
banking include information asymmetry, incomplete institutional coverage and the lack
of basic infrastructure required for banking in many regions. Research shows that the
overall level of economic development, the rationality of the financial system, the degree
of credit data sharing and openness and the degree of financial inclusion and the
elimination of financial poverty are positively correlated (Beck, Demirgli¢-Kunt, and
Levine, 2007).

The rapid development of fintech technology can promote financial inclusion at the
social level in different ways. Due to Kenya’s significant progress in financial inclusion,
Allen et al. (2021) study the overall information of its bank community penetration and
financial access threshold. Between 2006 and 2010, the emergence of private equity
banks had a positive and significant impact on the use of bank accounts and credit
opportunities by Kenyan households. Private equity banking is a creative private institu-
tion that has designed a banking service for low-income and poorly educated customers
and underserved areas. The number of deposit and loan accounts of equity banks
accounts for 50% and 30% of the total deposit and loan accounts in Kenya, respectively.
The successful business model of Kenya equity bank has provided solutions to the
financing problems of small and medium-sized enterprises and individuals in many
African countries. Similarly, the credit business of Ant financial services to small- and
medium-sized enterprises and individuals under Alibaba, a Chinese e-commerce platform,
has promoted China’s financial inclusion Hau et al. (2018). Ant financial services comple-
ment the credit needs of small enterprises with low credit scores in the credit market
through cooperation with regional commercial banks. Among them, the application of
fintech technology can allow borrowers to more fully evaluate the risk factors of custo-
mers, and small and medium-sized enterprises that get more praise from customers in
online business operations may be more favored by borrowers.

Fintech helps ease local credit supply frictions in the credit market and extends the
‘frontier’ of credit availability to small businesses with low credit scores. In addition, these
online e-commerce platforms promote a self selection process in which more funds tend
to be directed to online merchants whose customers get better ratings Huang, Li, and
Shan (2019).

In terms of financial inclusion, the British government may be the first country in the
world to introduce policy changes at the national level. The UK Government has been
looking at ways in which established large banks and building societies could make it
easier for new financial services providers to offer new products, services and a better
choice for customers. One of these ways is called ‘Open Banking’ Open Banking Limited
(2022). Open Banking is intended to make it easier for companies to offer different and
innovative services while giving consumers more choice and more control over their
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money and financial information. All of this will be achieved by requiring banks and
building societies to make certain information accessible to other approved companies in
a standardised, straightforward, and secure way and only ever with customer’s explicit
consent. Nine largest UK retail banks and building societies, including Barclays plc, Lloyds
Banking Group plc, Santander, Danske, HSBC, RBS, Bol, Nationwide and AIBG, have a legal
requirement to allow certain information to be shared securely online with other requ-
lated companies through Open Banking. Banking data is shared through APIs between
the banks and the fintech startup partners. Competition and Markets Authority (CMA)
believes that open banking enables consumers to share information, and companies can
also provide efficient payment methods and innovative products to the Competition and
Markets Authority (2021).

In this process, the bank is undergoing transformation and upgrading in the following
four aspects. The first is the transformation from offline to online. Benefiting from this
round of technological revolution, banks can start more business online and provide
customers with digital and intelligent service experience, so that customers can enjoy
contactless financial services without leaving home, rather than going to offline outlets. It
is worry-saving, labor-saving and convenient. It is also more applicable in emergencies
such as epidemics. The second is to change from product-oriented to customer-oriented.
If the traditional bank is more like a ‘business’, first build products and services, and let
customers come to the bank to choose according to their own needs, then the current
market pattern encourages banks to turn into ‘business’, take the customer experience as
the driving force, take the initiative to go to customers, explore customer needs and
develop more customized products accordingly. Third, from a fully functional indepen-
dent system to an open platform. With the promotion of technical force, the bank is no
longer an ‘isolated island’” and no longer creates all the ecology alone. Instead, it allows
the finance to really integrate into the scene service and spread the functions of the
finance to all the places needed. As a part of the overall market, the bank will build
a coordinated and orderly ecosystem with other enterprises. Fourth, from emphasizing
assets and neglecting transactions to neglecting assets and emphasizing transactions.
Just because it is no longer an independent system, the development of the bank will no
longer rely on the simple expansion of asset scale, but will meet the diversified needs of
customers. Starting from the customer’s business model and transaction chain, focusing
on the customer’s daily business activities, it will provide the whole process services
covering demand docking, scheme design, product delivery and continuous follow-up,
and rely on data technology to build a richer business system. From focusing on assets to
focusing on transactions, banks will be able to obtain more income and higher efficiency
with less assets and capital, and continuously improve the utilization efficiency of assets
and capital.

Britain has become the main force in the development of European Open banking.
Since then, Europe has formulated a series of general guidelines for the development of
open banking, which have been accepted by all regions of the world. At present, the open
banking ecosystem in Europe is the most perfect, which is not only due to the active
policies of the European Union and European governments but also due to the positive
response of major European banks and the continuous efforts of middle-level enterprises
to quickly establish an open ecosystem. In November 2015, the EU issued the payment
service directive 2 (hereinafter referred to as PSD2), which formulated the rules for the
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opening of payment accounts, providing a legislative basis for the EU’s open banks. In
March 2016, the United Kingdom officially released the ‘the open banking standard’
0OB2016 (2016), which put forward three standards of open banking (data standard, API
standard and security standard) and a governance model (the cornerstone of maintaining
the effective operation of open banking standards) to guide how to create, share and use
open banking data. At present, the regulations and standards formulated by the EU and
other European countries have become the guidelines for the development of global
open banks.

From the perspective of open ecological structure, in terms of regulators, various legal
frameworks and regulatory systems are relatively mature, which can make the middle
layer and account layer faster clarify the business scope and red line set by law, so as to
better formulate strategies. The middle layer provides a good environment for the
competition and development of the account layer, mainly focusing on the technical
level, that is, it provides various solutions for banks and financial institutions in the
account layer to integrate APIs. For example, truelayer provides an open data API plat-
form, which is connected to many major banks and financial institutions in the UK. The
account layer responded positively, led by the traditional big banks represented by BBVA,
and took the lead in establishing an open API platform, which has become one of the
earliest successful cases of digital transformation of traditional banks. In order to compete
for the market, other financial institutions have also joined the pace of digital transforma-
tion. The two complement each other, supplemented by the basic support provided by
the ecological layer, and the rapid development of open banking.

In 2016, BBVA officially launched the open API platform. In the trial operation stage,
nearly 1600 enterprises and developers participated in the security and user experience
test of the platform to ensure a safe development environment and excellent partner use
experience. In May 2017, BBVA made its first strategic achievement in the process of
promoting the opening of banks. BBVA APl was officially put into use in the Spanish
market, opening three types of APIs, including six APIs based on retail customer informa-
tion, one API based on enterprise information and one API integrating various channel
data at the retail end, BBVA has also become the first bank in the world to realize the
commercial operation of open API.

2.4. Al for economic development

Artificial intelligence is widely and deeply used in all aspects of social and economic life,
including urban planning, logistics, local political and economic life, agriculture and
higher education.

In a modern society with increasingly complex business processes and increasingly
fierce business competition, the significance of global supply chain for each country and
society is self-evident. Maintaining a stable and efficient global supply chain is facing
unprecedented pressure. Al plays a more and more important role in modern global
supply chain, such as cognitive automation of detail oriented repetitive tasks in the
company'’s back office, Richardson (2020), prediction of logistics demand and delay
Chen et al. (2021).
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In addition to supply chain application, a World Bank report found that Al technology
based on natural language processing analysis (NLP) can be used to analyze the written
records of village gatherings in developing countries such as India to determine the topics
discussed, and track how the flow of conversation changes with the gender and status of
speakers, so as to clarify the operation of these deliberative bodies. Using Al technology
such as NLP can effectively promote accountability in local political and economic life
(Parthasarathy et al. 2017).

Al technology also contributes to the assessment of local and global development
levels by many countries and international organizations, including extracting important
indicator components, monitoring different development indicators of various countries,
classifying the common attributes of different national development plans, predicting
their development trends and behaviors and do on Gupta et al. (2021).

Al also plays an irreplaceable role in helping to analyze the data of the United Nations
Sustainability Goal Indicators (SDI) Miller et al. (2020). SDI data include a large number of
earth observation data, such as the proportion of forest area in the total land area, the
proportion of degraded land in the total land area and the proportion of agricultural area
under productive and sustainable agriculture. Collecting such data from countries around
the world and effectively analyzing and processing all kinds of unstructured data depend
on Al technology. Moreover, Al technology can also be used as an effective tool to
monitor the progress and goal realization of the sustainable development project.

Al can also be used in agriculture area. In Kenya, Mozambique and Tanzania, local
farmers use the mobile app Nuru integrated with Al algorithm to identify the damage to
leaves from the photos taken and send the information to the authorities, so as to help
monitor the existence of an invasive pest, which threatens agricultural income and food
security throughout East Africa. Such a simple and easy-to-use Al terminal program can
change the overall situation of the agricultural economic system in a very small way. In
addition, Al-based digital agriculture solution xarvio™ helps the United Nations achieve
sustainable development goals through intelligent proportioning and spraying crop
fungicides Shankar et al. (2020).

The contribution of Al to social and economic development can also be reflected in the
reconstruction of higher education. Al-based automation model can bring more effective
and accurate higher education resources. Al with precise positioning and personalized
customization is reshaping the higher education industry. The combination of online courses
and artificial intelligence can further increase the access of people in poor areas to education
and significantly improve the learning and employment level of emerging markets.
Educational high-tech companies such as Coursera, Andela and Udemy, the world’s leading
online education platforms, are collecting academic performance data of students in emer-
ging markets and preparing to use these data to provide them with valuable advice on
learning, employment and even entrepreneurship. In India, Al education start-up upGrad has
enrolled 2000 students in entrepreneurship, digital marketing, data analysis and product
management courses, while education high-tech companies use two-way satellite technol-
ogy to provide on-site courses for about 2000 primary and secondary schools in the southern
state of Karnataka by science, mathematics and English teachers Medina and Schneider
(2018).
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3. Future direction and conclusion

The in-depth research and wide application of machine learning in the financial field is
likely to change the future research direction of some financial theories, and even subvert
the existing order of the whole financial service system.

In asset pricing, factor model has always been the main framework of empirical analysis
of asset pricing. The emergence of machine learning model provides a powerful statistical
tool for the construction of next-generation factor model with high-dimensional settings.
The progress and insight brought by this technological trend ensure that the factor model
will continue to be the core of empirical asset pricing in the next few years.

Machine learning is neither a panacea for financial empirical analysis nor a substitute
for economic theoretical modeling. Financial domain knowledge is still an indispensable
theoretical basis for asset pricing research using machine learning. The most promising
direction of future empirical asset pricing research is the organic integration of financial
and economic theory and machine learning model. Such organic integration will further
promote the development of asset pricing theory because asset pricing theory focuses on
the price formed through the aggregation or evacuation of investor beliefs, which will
undoubtedly determine the long-term equilibrium trend of price in some subtle, complex
and sometimes surprising way, rather than obvious linear combination. The machine
learning model can flexibly adapt to and capture rich and complex information sets.
Combined with the asset pricing theoretical model, it can make a more in-depth descrip-
tion of the financial logic of the common theoretical model with low-dimensional factor
structure.

The rapid development of fintech has played an important role in the digital transfor-
mation of enterprises, the delivery of financial products and services and the mode of
consumption. In particular, the emergence and wide use of a large number of alternative
data based on consumer consumption habits and financial behavior have promoted the
application of machine learning model in the financial field. Convenient access to a large
number of alternative data and fast evolving machine learning models have become key
factors in promoting innovation in the field of financial technology in recent years, and
billions of consumers around the world have benefited from this iterative change.
However, these advanced technologies to improve financial life will also bring a series
of new risks, such as consumer privacy risk. Therefore, the rapid development of financial
technology companies has also led to corresponding problems. The unique alternative
data of users can promote the convenience of the borrower to the lender’s audit, as well
as help in credit for small and medium-sized enterprises and individuals. However,
whether and how the services of similar financial products such as risk assessment and
credit default assessment provided by related fintech companies should be included in
the regulation has become the focus of global discussion. Although advanced technology
has brought great benefits to the financial system and all aspects of society, and helped
vulnerable people have easier access to financial credit products, it also brings corre-
sponding risks, including ethical privacy risk and the risk of complex cyber attacks.
Therefore, the risk management of fintech companies has become more important than
ever before. In the foreseeable future, when the services of fintech companies are
becoming more and more widely accepted, the traditional banking system will increas-
ingly rely on various services provided by such high-tech companies. As industries
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increasingly embrace financial technology innovation and rapid digital transformation,
regulatory regulations need to be adjusted in time to keep up with the innovation of new
financial technology, fully protect consumers and the overall financial system and con-
tinue to shoulder the responsibility of promoting financial technology innovation.
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